Ancillary data, such as soil type, may improve the visible and near-infrared (vis-NIR) estimation of soil organic carbon (SOC); however, they require data collection or expert knowledge. The application of a national soil spectral library to local SOC estimations usually requires soil type information, because the relationships between vis-NIR spectra and SOC from different populations may vary. Using 515 samples of five soil types (genetic soil classification of China, GSCC) from the Chinese soil spectral library (CSSL), we compared three strategies in the vis-NIR estimation of SOC. Different regression models were calibrated using the entire dataset (Strategy I, without using soil type as ancillary data) and the subsets stratified by soil type from CSSL as ancillary data (strategies II and III). In Strategy II, the subsets were stratified by soil type from the CSSL for validation. In Strategy III, the subsets were stratified by spectrally derived soil type for validation. The results showed that 86.72% of the samples were successfully discriminated for the soil types by using the vis-NIR spectra. The coefficients of determination in the prediction (R 2 p ) of SOC estimation by strategies I, II, and III were 0.74, 0.83, and 0.82, respectively. The stratified calibration strategies (strategies II and III) improved the vis-NIR estimation of SOC. The misclassification of the soil type in the application of Strategy III slightly affected the SOC estimations. Nevertheless, this strategy is inexpensive and beneficial when expert knowledge on soil classification is lacking. We concluded that vis-NIR spectroscopy could be applied to distinguish some soil types in terms of GSCC, which further provided essential and easily accessible ancillary data for the application of stratified calibration strategies in the vis-NIR estimation of SOC.
Introduction
The content of soil organic carbon (SOC; 1550 Gt) is higher than that of the combined carbon from global vegetation (420-620 Gt) and the atmosphere (760 Gt) [1, 2] . Even though a small proportion of SOC is transformed into atmospheric carbon as greenhouse gases, its potential influence on the global climate is substantial [3] . It is well recognized that SOC is important for sustaining soil quality and food production, and inappropriate land-use management practices might cause the loss of SOC [4, 5] . Due to the critical role of SOC in food production and climate regulation, the demand for monitoring the spatial and temporal variation of SOC is increasing [6] . The conventional laboratory analysis of SOC such as combustion or chromate oxidation [7, 8] is expensive and time-consuming [9] . Thus, techniques for the rapid and inexpensive measurement of SOC should be developed.
Visible and near-infrared (vis-NIR) diffuse reflectance spectroscopy has been rapidly developed as an alternative to a conventional laboratory analysis of soil properties with an acceptable level of accuracy [10, 11] . Vis-NIR spectroscopy has many advantages; it requires less sample preparation; is inexpensive, rapid, and non-destructive; it can be used for the simultaneous estimation of various soil properties; it needs no or less chemical reagents [12] . Furthermore, it can be obtained at proximal and remote sensing platforms, such as in situ and airborne sensors, to assess soil properties [3, 13, 14] .
Constructing vis-NIR spectroscopy models in a specific geographical region requires a soil library to relate soil spectra to soil property through multivariate regressions. Such soil libraries must encompass a wide variation in soil property [4] . Over the past decade, soil libraries have been built on various scales ranging from field or local to national, continental, or global scales [15] [16] [17] [18] . Recently, the challenge has shifted from soil library building to its application. How to properly employ a large soil library to estimate soil properties has become a hot topic. The most commonly utilized strategies to facilitate the application of large libraries include powerful regression approaches [19] [20] [21] , optimal spectral transformations [22] [23] [24] , representative calibration sample selection [10, 17, [25] [26] [27] [28] , ancillary data integration [4, 14, 15, [29] [30] [31] [32] [33] , subset spiking, and extra weighting [34] [35] [36] [37] . A large soil library usually consists of various samples in terms of geographical origins, minerals, parent materials, environmental conditions, and land-use types. Soil type can be a comprehensive indicator of different soil populations, because the soil classification system considers multiple factors. Different soil types can vary from one another in terms of the relationship between vis-NIR spectra and SOC [38] . Some researchers have used soil type to stratify soil libraries, and suggested that soil type may help improve soil property estimation through vis-NIR spectroscopy [14, 32, 33] .
Despite the advantages of ancillary data-such as soil type-in soil property estimation through vis-NIR spectroscopy, data collection imposes an extra cost burden and requires expert knowledge. Thus, easily accessible ancillary data have been preferred. Furthermore, vis-NIR spectra can be a good predictor of soil types [39, 40] . However, whether spectrally derived soil type can improve the vis-NIR estimation of SOC requires further investigation. The potential of vis-NIR spectroscopy for the provision of soil type data to estimate SOC should also be explored.
This study explored the application of spectrally derived and actual soil types as ancillary data to improve SOC estimation through vis-NIR spectroscopy and the Chinese soil library. Specifically, this study investigated the following. (i) We discriminated soil type through partial least squares discriminant analysis (PLS-DA) and examined its classification accuracy. (ii) We calibrated partial least squares regression (PLSR) models by using the entire dataset (Strategy I) and the subsets stratified by soil type from the Chinese soil spectral library (CSSL, strategies II and III). In Strategy II, we stratified the subsets by soil type from CSSL for validation. In Strategy III, we stratified the subsets by spectrally derived soil type for validation.
Materials and Methods

Sample Collection
The CSSL (CSSL-2014) comprised 1581 samples from 14 provinces out of China's 34 provinces (autonomous regions, municipalities, special administrative regions) with multiple land-use and land-cover types (Supplementary Materials Figure S1 ). Most samples were from cultivated land with intensive farming. Shi et al. [10, 41] also described the spatial distribution of the samples in detail. CSSL represents 16 soil types based on the genetic soil classification of China (GSCC). The GSCC is different from the United States (US) Soil Taxonomy System and World Reference Base for Soil Resources (WRB). We did not transform the soil types of GSCC to those of the other two classification systems because no accurate transformations among the three classification systems exist. Their most possible soil types in WRB classification are provided in Table 1 [42, 43] . In this study, 515 samples from five soil types were considered, and they were diverse in terms of SOC. For example, some soil types had low (coastal solonchaks) or high (meadow soils) SOC concentration, whereas some had moderate (purplish soils) SOC concentration. The five soil types comprised a moderate number of samples (52-138 samples). Some soil types, such as alluvial soils (n = 11) and paddy soils (n = 552), containing extremely large or small number of samples in the CSSL, were not selected. The number of samples for each soil type in previous similar studies was as follows: 8-3928 [40] , 2-66 [39] , 82-2077 [14] , 184-367 [33] , and 26-75 [32] . Therefore, the number of samples for each type was reasonable in this study. The selected types included coastal solonchaks, meadow soils, chernozems, black soils, and purplish soils ( Table 1) . The other soil types are shown in the Supplementary Materials.
Spectral Measurement and Chemical Analysis
Topsoil samples (0-20 cm) were taken to the laboratory, air-dried, and ground to pass a 2-mm sieve before spectral measurement. Afterward, SOC analysis was performed. An ASD FieldSpec ProFR vis-NIR spectrometer (Analytical Spectral Devices, Boulder, CO, USA) with a spectral range of 350-2500 nm was used [44] . Spectral measurement was conducted in a dark room with a halogen lamp as a light source, which was positioned 7 cm away from the soil samples with a 30 • zenith angle. The soil samples were placed in a 10 cm-diameter Petri dish with a thickness of 1.5 cm. The fiber probe was installed 15 cm above the soil samples with a view angle of 25 • . A Spectralon ® panel with 99% reflectance was utilized to calibrate the spectrometer before measurement. Each sample was scanned 10 times and averaged [41] . SOC was determined with a potassium dichromate volumetric external heating method in accordance with Chinese standards (specification of soil test, SL237-1999) [45] .
Several spectral pretreatments were used to reduce noise and enhance the spectral features, because raw spectra might be influenced by the working status of a spectroradiometer, experimental conditions, particle sizes, and surface roughness [3, 46] . The two edges with low signal-to-noise ratios, namely, 350-399 nm and 2451-2500 nm, were first removed [47] . The six commonly used pretreatments or their combinations, namely, Savitzky-Golay smoothing [48] , logarithmic function (log1/R) [49] , first derivative [50] , standard normal variate [51] , multiplicative scatter correction [52] , and optimal pretreatments, were then tested and utilized (Supplementary Materials Table S1 ). The mean center was applied to improve the numerical stability of some methods (e.g., PLSR) [53] [54] [55] .
Model Calibration and Validation
PLSR was used to correlate the soil spectral data with SOC [56] [57] [58] , and leave-one-out cross-validation was utilized to determine the optimal number of latent variables [59] . To assess the predictive ability of the models, we applied several commonly used indicators, namely, root mean square error of cross validation (RMSE cv ), coefficient of determination in cross validation (R 2 cv ), root mean square error of prediction (RMSEP), coefficient of determination in prediction (R 2 p ), and residual predictive deviation (RPD), as expressed in the equations in the Supplementary Materials [13] . R 2 p and RPD could be equivalent [60, 61] . Both indicators were reported to ensure that our study could be used for comparison by other researchers when they used either or both of them. However, the discussion was based on R 2 p .
Model Calibration
The division of 25%/75% for validation and calibration was based on the ascending order of SOC concentration. Subsequently, the samples of the validation set were selected at intervals of three samples. Such division rather than a random selection was to ensure that the validation samples were evenly distributed in the range of the SOC concentration and covered the SOC diversity of expected future samples [49] . Moreover, this division was commonly adopted in previous studies [3, 44, 62] . This division is characterized by some limitations, including the need for previous information regarding the SOC concentration and the seemingly arbitrary or empirical choice of the first validation sample and the number of the interval.
Strategy I utilized the entire calibration samples (515 × 75% = 387 samples) to build a PLSR model for estimating SOC. For strategies II and III, 387 calibration samples were stratified into five subsets by soil type to build five separate PLSR models for estimating SOC.
Model Validation
Strategy I utilized all of the validation samples (515 × 25% = 128 samples) to validate the built PLSR model. For Strategy II, 128 validation samples were stratified by soil type and then allocated to the respectively built PLSR models. For Strategy III, the soil type of the 128 validation samples were assumed to be unknown and needed to be derived by the PLS-DA model by using their spectra. For Strategy III, the 128 validation samples were stratified by spectrally derived soil type and then allocated to the respective PLSR models.
The soil type of the validation samples was discriminated by PLS-DA before Strategy III was applied. PLS-DA, which was developed based on PLSR, directly relates the variables in the spectral data to soil types [63] . The calibration samples (n = 387) were utilized to build a PLS-DA model, and the vis-NIR spectra of the validation samples (n = 128) served as the inputs of the PLS-DA model. The soil type of the validation samples could then be discriminated. The agreement rate, which is the proportion of the samples correctly predicted in the class, was used to evaluate the performance of the PLS-DA model.
Result
Descriptive Statistics
SOC concentrations varied from 0.96 g·kg −1 to 33.99 g·kg −1 with a mean of 13.13 g·kg −1 (Table 1 and Figure 1 ). The coefficient of variation (CV) was between 0.21 (meadow soils) and 0.48 (purplish soils). The SOC was <12 g·kg −1 in most of the coastal solonchak samples, but >12 g·kg −1 in most of the meadow soils samples. The three other soil types did not exhibit evident SOC boundaries. The kurtosis for coastal solonchak, black soil, and total samples was >2, indicating that a mass of the samples concentrated around the center. The distribution of meadow soils (skewness = 0.08, kurtosis = −0.03) was close to normal distribution. Some black soil and coastal solonchak samples were deemed as outliers based on the boxplot. However, we still retained these samples in our models, because our data and aims were on a countrywide scale, and encountering samples with a high SOC concentration was expected. Figure 1 ). The coefficient of variation (CV) was between 0.21 (meadow soils) and 0.48 (purplish soils). The SOC was <12 g·kg −1 in most of the coastal solonchak samples, but >12 g·kg −1 in most of the meadow soils samples. The three other soil types did not exhibit evident SOC boundaries. The kurtosis for coastal solonchak, black soil, and total samples was >2, indicating that a mass of the samples concentrated around the center. The distribution of meadow soils (skewness = 0.08, kurtosis = −0.03) was close to normal distribution. Some black soil and coastal solonchak samples were deemed as outliers based on the boxplot. However, we still retained these samples in our models, because our data and aims were on a countrywide scale, and encountering samples with a high SOC concentration was expected.
The statistical indicators of the calibration and validation set were similar. However, the validation of the coastal solonchak samples was closely distributed to the normal (skewness = 0.07, kurtosis = −0.45), which was quite different from the corresponding calibration samples. This finding was observed because we assigned an outlier with a high SOC to the calibration set. However, the other statistical indicators, minimum and CV, were similar. In the other soil types, we allocated an outlier of black soil samples into the validation set, and the validation set remained similar to the calibration set. In summary, our separation of the samples allowed the validation samples to cover the variation in the SOC of the soil library. Figure 2 shows the average reflectance and SOC concentration of the soil samples from each soil type. The spectra showed three prominent absorption peaks at 1420 nm, 1920 nm, and 2210 nm; the first two were mainly caused by the hydroxyl group (OH) of free water, and the last one was due to The statistical indicators of the calibration and validation set were similar. However, the validation of the coastal solonchak samples was closely distributed to the normal (skewness = 0.07, kurtosis = −0.45), which was quite different from the corresponding calibration samples. This finding was observed because we assigned an outlier with a high SOC to the calibration set. However, the other statistical indicators, minimum and CV, were similar. In the other soil types, we allocated an outlier of black soil samples into the validation set, and the validation set remained similar to the calibration set. In summary, our separation of the samples allowed the validation samples to cover the variation in the SOC of the soil library. Figure 2 shows the average reflectance and SOC concentration of the soil samples from each soil type. The spectra showed three prominent absorption peaks at 1420 nm, 1920 nm, and 2210 nm; the first two were mainly caused by the hydroxyl group (OH) of free water, and the last one was due to the Al-OH lattice structure in clay minerals [3] . The purplish soils and coastal solonchaks had lower SOC concentrations, but higher reflectance than the meadow soils, chernozems, and black soils. The spectral curves of meadow soils, chernozems, and black soils were close to one another and had overlapped at some bands, because their mean SOC concentrations were similar. Different soil types revealed diverse curves in shapes and SOC concentration. Therefore, including the soil type variable into SOC estimation can improve the estimation accuracy.
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Discriminating Soil Type through Vis-NIR Spectroscopy
In the calibration set, 89.9% of the samples were correctly assigned (Table 2) . Coastal solonchaks could be well distinguished from the others, with two out of 86 samples misclassified to purplish soils because of the similarities in their reflectance curves of these two soil types (Figure 2 ). Coastal solonchaks scattered away from other soil types except purplish soils, which was possible because its samples were collected from a concentrated location (Figure 3a) . Approximately 97.50% of purplish soil samples were correctly discriminated, and only four were misclassified to black soils and one was misclassified to coastal solonchaks, because most of the purplish soils were laid far from other soil types, and only a few were found within the overlapping area (Figure 3a) . Meadow soils, chernozems, and black soils were close and overlapping with one another (Figures 2 and 4a) , and only 74.36-90.38% of their samples were correctly classified (Table 2 ).
In the validation set, all of the soil types except meadow soils were well distinguished, and the agreement rate was over 79% ( Table 3 ). All of the coastal solonchaks and purplish soil samples were correctly discriminated. Meadow soils obtained the poorest accuracy, because their spectral characteristic features are similar to those of chernozems and black soils (Figures 2 and 3b) . Nevertheless, the results for chernozems and black soils were acceptable. Similar to the results of the calibration set (89.92%), the overall agreement rate was 86.72% for the validation set. 
Estimation Accuracy of SOC Models Using Different Stratification Strategies
When the entire dataset was used to estimate SOC (Strategy I), the model performance of the five soil types is shown in Table 3 and Figure 4 . The vis-NIR models tend to underestimate high SOC values and overestimate low SOC when the slope of the regression lines was generally <1 [14] . The poor model accuracy for the coastal solonchak samples (R 2 p = 0.12) was partly because of their low SOC concentration and right-tailed distribution (skewness = 2.68). The R 2 p of meadow soils was only 0.47, because the small number of its samples cannot fully represent the relationship between SOC and the vis-NIR spectra of this soil type. Black soils exhibited an R 2 p value of 0.46 because its few samples showed a high SOC concentration that resulted in a tail (skewness = 2.68, Figure 2 ). The R 2 p of chernozems and purplish soils was above 0.6 because their mean SOC concentration was similar to that of the entire dataset. The overall R 2 p (0.74) was higher than the R 2 p of each soil type (0.12-0.72) because of the inner design and calculation of this statistical indicator (Supplementary Materials, Equation (4)). In summary, the model performed poorly in estimating SOC using the entire dataset for some soil types, especially coastal solonchaks.
Stratified calibration strategies improved the model performance in terms of cross-validation: the overall R 2 cv increased from 0.62 to 0.75 (Table 3) . For further validations, two strategies (strategies II and III) were proposed regarding the availability of soil type information. The soil type information of the validation samples that were used in Strategy II was obtained from CSSL, whereas that in Strategy III was derived through vis-NIR spectra.
The soil types of the validation samples were known (Strategy II), and the SOC of all of the soil types except coastal solonchaks were well estimated with R 2 p ≥ 0.66 (Table 3 and Figure 5 ). When the soil type of the validation samples was derived through vis-NIR spectroscopy (Strategy III), similar results were observed after stratification (Table 3) .
Compared with those in Strategy I, the SOC estimation was more accurate in strategies II and III, and the overall R 2 p increased from 0.74 to 0.83 (Strategy II) and 0.82 (Strategy III) when the validation samples were stratified by soil type. The coastal solonchaks, which were poorly estimated (R 2 p = 0.12) without stratification, had an acceptable accuracy with R 2 p = 0.51 when the samples were stratified by soil type. The R 2 p of meadow soils and black soils greatly increased from approximately 0.46-0.47 to 0.67-0.73. For chernozems and purplish soils, which were well estimated by Strategy I, stratification slightly improved the performance and changed their SOC estimation models because the subsets of chernozems and purplish soils resembled the entire dataset based on statistical indicators (Figure 2) . By contrast, the subsets of coastal solonchaks, meadow soils, and black soils differed greatly from the entire dataset and were improved after stratification (Table 1 ). In summary, stratifying the soil library by soil type, including spectrally-derived soil type, enhanced the quality of vis-NIR models.
Comparison of the different methods of obtaining soil type (strategies II and III) revealed that the SOC estimation models stratified by spectrally-derived soil type (Strategy III) were slightly less robust, and the overall R 2 p slightly decreased from 0.83 to 0.82. For coastal solonchaks and purplish soils, the two strategies produced the same result because of an 100% agreement rate (Table 3) . For meadow soils and chernozems, the stratification by spectrally derived soil type achieved a slightly less accurate model (R 2 p = 0.67 and 0.73) than the stratification by actual soil type (R 2 p = 0.73 and 0.77). However, a large number of samples (38.46% and 20.49%) were misclassified into other groups. For black soils, a slight improvement was observed, and the R 2 p increased from 0.70 to 0.72. In summary, the effect of misclassification was limited, and will be further discussed in the next section. Note: denotes the coefficient of determination in cross-validation, RMSE , denotes root-meansquare error of cross-validation, RMSEP denotes root mean square error of prediction, denotes coefficient of determination in prediction, RPD denotes residual predictive deviation, and LV denotes latent variable, SD donotes the standard diviation of estimated SOC concentration. 
Discussion
Soil Type Prediction through Vis-NIR Spectroscopy
Soil types can be accurately predicted with vis-NIR spectra and PLS-DA because of the absorption of vis-NIR spectroscopy through mineral and organic components. For example, coastal solonchaks are rich in salt and ions (Cl − , Na + , and Ca 2+ ), purplish soils contain high level of CaCO 3 [64, 65] , and the three other soil types are high in SOC. Viscarra Rossel et al. [40] reviewed the important wavelengths used to predict soil types. In the current study, 86.72% of the validation samples were correctly predicted, which is similar to results in previous works [39, 40, 66] .
Soil type was predicted using the spectra because information on the former is not always available in practical applications. Additional expert knowledge and cost are required to access soil types for a successful application of the soil library. Obtaining soil type by soil spectra overcomes this drawback, and shows reliable classification precision.
Effects of Stratifying Samples by Soil Type in SOC Estimation (Strategies II and III)
Stratifying samples in the soil library by soil type can improve the quality of SOC estimation models. In this study, the overall R 2 p increased from 0.74 to 0.82-0.83 after stratification by soil type. Vasques et al. [14] obtained similar results; they stratified 6982 samples from Florida, USA, into seven soil orders, and found that the SOC models of all of the soil orders except Histosols are reliable. However, other researchers yielded different results. McDowell et al. [32] divided 307 samples of 10 soil types in the Hawaiian Islands into four broad soil groups and revealed that three soil groups did not exhibit an advantage over all of the samples. Madari et al. [33] separated 539 samples from Brazil into two soil orders and observed no improvement in the models.
Different conclusions were drawn because of the inappropriate comparisons between stratification and non-stratification techniques. The results of each soil type after stratification were compared with those of the entire dataset, disregarding that different validation sets were compared. For example, in the study of McDowell, the validation set of Andisol soils had 25-32 samples, whereas the entire dataset had 92 validation samples. To ensure that the validation set was comparable, we calculated the R 2 p of the validation samples in each soil type, and the overall R 2 p of all of the validation samples (Table 2 ). Our results suggested that stratification by soil type could improve the models for SOC estimation.
Stratification positively affected the SOC models because it produces homogeneous groups. Similar to previous findings [14] , Welch's ANOVA showed SOC changes in relation to soil types (p < 0.05), indicating that the variance in SOC might be partly attributed to soil type. Applying a generic prediction model of SOM using all soil types is not desirable [38] . Another reason is the distinct spectral characteristics among soil types. Stratification by soil type also results in homogeneous groups in terms of spectral information. Thus, the homogeneity after stratification by soil type covered both spectra and SOC content. Shi et al. [41] divided the CSSL into five groups based on spectral clusters, and observed that the R 2 increased from 0.65 to 0.90. They [10] also considered geographical zones and spectral similarity, and observed homogeneous clusters. Other researchers performed clustering by using other variables, such as soil humidity, slope, parent material, and unsupervised Ward's Euclidian distance [25, 28, 31] . Clustering aims to correctly allocate the validation samples to the most similar group, and the SOC model based on that group can estimate the SOC of validation samples as accurately as possible. In most cases, the model that estimates soil properties is improved by clustering the samples into homogeneous groups [10, 25, 41] .
Effects of Spectrally Derived Soil Type on SOC Estimation
Stratification by using spectrally derived soil type improves SOC estimation in a manner similar to that by using actual soil type. Mouazen et al. [67] speculated that the classification of samples by soil spectra into different texture classes can be used to establish separate models for each texture groups, thereby improving the accuracy of vis-NIR spectroscopy models. To some extent, our results confirmed this assumption. Previous studies utilized soil type in soil property estimation through vis-NIR spectroscopy [14, 32, 33] or discriminated soil type through vis-NIR spectroscopy [39, 40] . However, few reports have combined both procedures. The present study successfully proposed a strategy of including spectrally derived soil types into SOC estimation, and our results were satisfactory. This strategy required only the spectra and not the actual soil type of the validation samples.
While using the spectrally derived soil type, we encountered a problem regarding how misclassified samples affect the SOC models. A sample was misclassified because its spectral characteristics were more similar to those of the target soil type than to those of its actual soil type. In other words, the sample was allocated to a homogeneous group rather than its actual group in terms of spectral characteristics. For example, 38.46% of the samples in meadow soils were wrongly allocated, but the SOC model accuracy was slightly changed. For black soils, the SOC model that misclassified these samples was more suitable than their actual soil type. Misclassification slightly affected the vis-NIR estimation of SOC when stratified calibration strategies were applied.
The variable important projection (VIP) scores of the SOC models that were built for three soil types are shown in Figure 6 (VIP score analysis for the entire dataset is shown in Supplementary Materials Figure S2 ) to further investigate why misclassification slightly affects SOC estimation. The three soil types presented two different cases: no misclassification and severe misclassification. For coastal solonchaks, no sample was misclassified from or to the other soil types. By comparison, 30.44% of meadow soils were misclassified to chernozems, and 17.65% of chernozems were wrongly classified to meadow soils. The VIP score curve of meadow soils was similar to that of chernozems, indicating that the SOC estimation models of these two soil types exhibited some similarities. Thus, the misclassification of their samples would not result in differences in SOC prediction. The VIP score curves of coastal solonchaks were different from those of the two other soil types. If the samples of coastal solonchaks were misclassified to the two other soil types, then their influence on the subsequent SOC estimation was significant (Supplementary Materials Figure S2 and Table S2 ). Thus, the VIP score analysis confirmed that the homogeneous groups were similar to the SOC estimation models. Therefore, the influence of soil type misclassification through vis-NIR spectroscopy on SOC estimation was negligible.
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Conclusions
Our study proposed a strategy of using the spectrally derived soil type as ancillary data to improve SOC estimation by utilizing vis-NIR spectroscopy and the Chinese soil library. The results allowed us to draw the following conclusions: (i) vis-NIR spectroscopy coupled with a soil library could be used for soil classification; (ii) stratifying samples by actual soil type (Strategy II) or spectrally derived soil type (Strategy III) significantly improved the quality of the SOC models for all of the soil types, and soil type was an adequate criterion for calibration set formation. The spectral misclassification of soil type in Strategy III slightly affected the robustness of the SOC estimation model, whereas Strategy III required low additional cost and was practically useful when soil classification was unavailable.
Despite our success of stratification by soil type, SOC estimation can still be improved using vis-NIR spectroscopy. Future study will be focused on other ancillary data, such as soil texture, pH, moisture, and land-use types, which might also be feasibly identified through vis-NIR spectroscopy and then included in SOC models. Our study focused on the CSSL, but our strategy could also be used in other countries or in a continental or global scale.
Supplementary Materials: The following are available online at http://www.mdpi.com/2072-4292/10/11/1747/ s1, Figure S1 : Location of the soil library with 515 samples in China. The location of samples from Meadow soils and Chernozems is unavailable. And some samples from Coastal solonchaks, Purplish soils and Black soils are also available. Figure S2 : Variable importance projection (VIP) scores (black line) associated with the cross-validation of partial least-squares regression model for soil organic carbon concentration estimation by using laboratory spectroscopy and the entire dataset form Chinese soil spectral library. The threshold for VIP was set to 1 (horizontal dashed line). Figure S3 : Scatter diagram of scores on latent variable 2 (LV2) plotted against latent variable 1 (LV1) for validation samples in partial least squares discriminant analysis (PLS-DA) models. The six samples in red ellipse were selected to be misclassified to Meadow soils and Chernozems. The other three ellipses (Bule, green, and dark green) were the 90% confidence ellipse for each soil type. Figure S4 : Performance of SOC models stratified by soil type when the number of soil type varies from 5 to 12. Table S1 : Spectral pretreatment for PLS-DA and PLSR. 
